Several statistical methods have been developed in an attempt to reproduce the human capability of pattern recognition. Self-organizing maps (SOMs) are a type of artificial neural network (ANN) with unsupervised learning designed to examine the structure of multidimensional data. This study aimed to conduct a segmentation of the geographical and genotypic coffee grown in the coffee region of Paraná -Brazil using the SOM for cluster analysis. Fourteen arabica coffee genotypes from two different cities were collected (Paranavaí and Cornélio Procópio). Density, caffeine, chlorogenic acids, tannins, total and reducing sugars, proteins, and lipids of the green coffee beans were analyzed. Using these data, the SOM was able to discriminate the 14 genotypes and also segmentation of the geographical origin was observed. Reducing sugars, caffeine, and chlorogenic acid were the most important variables for separation of the region of cultivation of arabica coffee genotypes. It was concluded that the SOM was able to recognize the coffee genotypes and geographical origin using the chemical profile data.
Introduction
Pattern recognition is a process by which a received signal is assigned to one class among a predetermined number of categories. Humans have excellence for learning and pattern recognition. Several statistical methods have been developed in an attempt to reproduce the human capability of pattern recognition (Bishop, 2006; Haykin, 2001) .
Traditionally, for an exploratory study and data dimensionality reduction, principal component analysis (PCA) is one of the first multivariate methodologies chosen for cluster analysis. However, some disadvantages of the method are well known. First, it is assumed that the data can be described by linear combinations. Consequently, nonlinear systems will not be well represented. A second critical point in PCA is the quality of the result that can be influenced by discrepant samples. In addition, there is a possibility that after transformations, the number of significant components may still be high, which makes it difficult to extract useful information from the data (Borsato, Pina, Spacino, Scholz, & Filho, 2011; Melssen, Wehrens, & Buydens, 2006) .
One methodology that can represent complex and nonlinear inputoutput relationships is the artificial neural networks (ANNs) (Bishop, 2006) . ANNs are a set of techniques based on statistical principles, which are currently growing in food science to perform tasks of regression and pattern recognition. It is a methodology that employs massive interconnection of simple computing cells that has a natural propensity to store the experimental knowledge and make it available for use (Haykin, 2001; Lucia & Minim, 2006; Marini, 2009) .
One kind of artificial neural network with unsupervised learning designed to examine the structure of multidimensional data is the self-organizing maps (SOMs) introduced by Kohonen (2001) . In a SOM, the neurons are placed at the nodes of a lattice that is usually two-dimensional. The neurons become selectively tuned to various input patterns or classes of input patterns in the course of a competitive learning process, and thus a topographic map of the input patterns is formed in which the spatial locations of the neurons in the lattice are indicative of intrinsic statistical features contained in the input patterns. Because a self-organizing map is inherently nonlinear, it may thus be viewed as a nonlinear generalization of PCA (Haykin, 2001) . Selforganizing maps have been largely applied in food science and technology in the characterization of strawberry varieties (De Boishebert, Giraudel, & Montury, 2006) ; identification of binary mixtures of Italian olive oils (Marini, Magrì, Bucci, & Magrì, 2007) ; characterization of rosemary samples according to their geographical origin (Tigrine-Kordjani, Chemat, Meklati, Tuduri, GIraudel & Montury, 2007) ; and aromatic pattern recognition of soluble coffee (Bona, Silva, Borsato, & Bassoli, 2012) .
The importance of coffee in the world economy is unquestionable, as it is one of the most valuable commodities traded in the world. Its cultivation, processing, transportation, and marketing provide millions of jobs around the world (SINDICAFÉ, 2012) . Brazilian consumption of coffee increases every year, and between 2011 and 2012 consumption was 19.975 million bags, representing an increase of 3.05% over the previous period (ABIC, 2012) . Besides the internal market, exports of green coffee from Brazil amounted to 116.63 thousand tons in 2012 (CECAFÉ, 2012) .
There are two main species of coffee, Coffea arabica, also known as arabica coffee and Coffea canephora or robusta coffee (Farah, 2009; Higdon & Frei, 2006; Rubayiza & Meurens, 2005) . These species present a very different chemical composition and the arabica coffee provides a better coffee beverage quality and flavor than robusta coffee (Farah, 2009 ). Among cultivars of arabica coffee has been found different levels of quality beverage due to genetic factors and environmental conditions in the place of cultivation (Bertrand, Boulanger, Dussert, Ribeyre, Berthiot, Descroix, et al., 2012; . The climatic conditions of coffee cultivation together with the genetic characteristics of the cultivars give special attributes to the beverage and could increase its value. However, it is essential to prove the geographical and genotypic origin of the cultivar using reliable methods (Borsato et al., 2011) . Due to this fact, this study aimed to conduct a segmentation of the geographical and genotypic arabica coffee grown in the coffee region of Paraná -Brazil. For this purpose, a cluster analysis by SOM was performed utilizing the grain density and chemical data of coffee cultivars with wide genetic diversity grown in two contrasting climatic conditions.
Materials and methods

Samples of coffee
All coffee samples are genotypes of the species C. arabica. Samples of modern genotypes with wide variety of genetic background (IAPAR 59, IPR 97, IPR 99, IPR 100, IPR 101, IPR 102, IPR 105, Iapar 59 enx., IPR 105 enx. and Tupi) were collected in 2010 season. Traditional cultivars (Catuaí, Bourbon and Mundo Novo) were also collected at the same locations and same season. About 3 kg of cherry coffee of 14 genotypes (27 samples analyzed in duplicate) of coffee were collected at two locations in the coffee region of Paraná -Brazil: Paranavaí (23°04′22″S 52°2 7′ 54″ W; altitude 470 m, mean annual temperature 22-23°C) and Cornélio Procópio (23°10′51″S 50°38′ 49″ W; altitude 658 m, annual average temperature 20-21°C) and were transported to Agronomic Institute of Paraná (IAPAR) in Londrina-Paraná. The samples were immediately placed into wooden boxes with a mesh bottom and moved eight times per day until beans reached 11-12% moisture and then the samples were processed (removal of hull and parchment). For the chemical analysis, green coffee beans were frozen with liquid nitrogen and were ground in a mill disk (Perten 3600 model) with 0.6-mm final particle size (Brasil, 2011) . The processed samples of coffee genotypes were subsequently used for analysis. Some samples were cultivated in different cities. The analyses to determine the chemical composition of the green coffee samples were performed at Plant Physiology Laboratory in IAPAR.
Density and chemical analysis
The density of the green bean was determined by the free-fall method, according to Buenaventura-Serrano and Castaño-Castrillón (2002) . The results are expressed in g·mL −1 . Caffeine was extracted with magnesium oxide and determined by the spectrophotometric method (IAL, 2008) . Total chlorogenic acids were evaluated according to the methodology proposed by Clifford and Wight (1976) . Total tannins were determined with Folin-Ciocalteu reagent using gallic acid as a standard (AOAC, 1990) . Total sugar sucrose and reducing sugars were extracted with water at 70-80°C and determined with the Somogyi and Nelson reagent (Southgate, 1976) . Proteins and total lipids were determined by the respective methods proposed by the AOAC (1990).
Self-organizing maps
In this work, a two-dimensional SOM algorithm applied was introduced (Haykin, 2001) . The principal goal of the SOM is to transform an incoming signal pattern of arbitrary dimension into a twodimensional discrete map, and to perform this transformation adaptively in a topologically ordered fashion (De Boishebert et al., 2006; Haykin, 2001) . In the Kohonen model ( Fig. 1) , each neuron in the lattice is fully connected to all the source nodes in the input layer. The algorithm responsible for the formation of the self-organizing map proceeds first by initializing the synaptic weights in the network. This can be done by assigning them small values (between 0 and 1) picked from a random number generator, thus, no prior order is imposed on the feature map. Once the network has been properly initialized, there are three Fig. 1 . Self-organizing map according to the model of Kohonen. k represents the number of input patterns, m is the number of input variables, and N is the number of neurons in each dimension (Marini, Zupan, & Magrì, 2005) . essential processes involved in the formation of the self-organizing map: competition, cooperation, and synaptic adaptation.
In the competition process, for each input pattern, the neurons in the network compute their respective values of Euclidean distance. This value provides the basis for competition among the neurons (Haykin, 2001; Marini et al., 2007; Tigrine-Kordjani et al., 2007) . The neuron with the smallest Euclidean distance is declared the winner of the competition. The function chosen to represent the topological neighborhood must satisfy the following properties: (i) be symmetric about the maximum point defined by the position of the winner neuron; and (ii) the amplitude should decrease monotonically with increasing distance from the winner neuron. A typical choice that satisfies these requirements is the Gaussian function (Eq. (1)) (Haykin, 2001; Tigrine-Kordjani et al., 2007) :
In Eq. (1), the parameter σ is the effective width of the topological neighborhood.
Another unique feature of the SOM algorithm is that the size of the topological neighborhood shrinks with time. This requirement is satisfied by making the width of the topological neighborhood function decrease with time ensuring the formation of topological specialized regions. A choice to implement this reduction is from an exponential decay (Eq. (2)):
where σ 0 is the value of σ at the initiation of the SOM algorithm, τ 1 is a time constant, being recommended to use τ 1 ¼ 1000
and n represents the numbers of epochs (i.e., a complete presentation of all input patterns) (Haykin, 2001) .
In the synaptic adaptive process, for the network to be selforganizing, the synaptic weight vector w j of neuron j in the network is required to change in relation to the input vector x. To perform the synaptic adaptive process, it was used a modification of the Hebb's postulate, using discrete-time formalism, the adaptative process is mathematically given by Eq. (3), which is applied to all neurons of the lattice that are within the topological neighborhood of the winner neuron (Bona et al., 2012) :
where η(n) is the learning rate, which is variable and decreasing along the epochs. We may decompose the adaptation of the synaptic weights in the network into two phases: an ordering or self-organizing phase followed by a convergence phase. In the ordering phase, the learning rate should be higher to ensure that the topological map undergoes the largest adjustments in its synaptic weights. In the convergence phase, finetuning of the map is performed using a smaller learning rate (Bona et al., 2012; Haykin, 2001) . The decrease in the learning rate can also be performed by an exponential decay, as shown in Eq. (4):
where η 0 is the initial learning rate and τ 2 is the another time constant, with 1000 being the recommended value (Haykin, 2001) . After the training, the result can be seen through a topological map and weight plane or weight map (Fig. 1) . Firstly, each input pattern is placed on the map of features according to the position of the winner neuron of the sample considered. The topological map allows the visualization of clusters and also the neighborhood relationship between the formed groups. Groups close share some similarity, as well as, the greater the distance, the greater the behavior difference. The weight plane is a contour plot for each level of weights. Together with the topological map, it is possible to extract behavior rules for each group formed and infer about the influence of each variable on the obtained result (Bona et al., 2012; Melssen et al., 2006) . For self-organizing maps, data of density and chemical composition were provided as input. For the 14 genotypes of coffee (Table 1) , analyses were performed in duplicate, totaling 54 samples. Two-dimensional maps that had seven and eight neurons in each dimension were tested. The map was trained 7000 epochs to ensure the convergence of the mean quantization error (MQE)
where K is the number of samples and ||.|| represents the Euclidean distance between the input vector (x k ) and the weight vector (w) of the respective winner neuron (Bona et al., 2012) . All mathematical and statistics analyses (Tukey test for comparison between means of samples, both for segmentation by region and coffee genotypes) (Montgomery & Runger, 2012) , as well as self-organizing maps, were performed in MATLAB R2008b (The MathWorks Inc., Natick, USA).
Results and discussion
The self-organizing maps with seven and eight neurons in each dimension showed similar clustering distribution. Therefore the map with seven neurons was used as it is a simpler neural model and requires less training time. According to the training graph that shows the variation of the mean quantization error (Fig. 2) , the 7000 training epochs were sufficient for convergence.
To visualize the geographic and genotypic difference between the coffees, eight weight maps were prepared relating to variables (density, total sugars, reducing sugars, caffeine, protein, chlorogenic acids, lipids, and tannins) and topological maps of the genotypes and the region of cultivation of coffee. Table 2 shows the means, standard deviations, and p-values of variables in relation to the region of cultivation and Table 3 shows the means and standard deviations of variables in relation to the genotype of coffee. Figs. 3-6 show the topological and weight maps for the variables reducing sugar, caffeine, protein and chlorogenic acids. These variables were chosen because they present a clear segmentation of the samples, other maps are available in Supplementary material. Interesting to note that these compounds are often influenced by climatic factors (reducing sugars and chlorogenic acids) and genetic factors (caffeine and protein) and reflect the effect of the conditions where they were grown. Therefore, these compounds are suitable to study climatic adaptation and relationship of genotypes to local growing environment.
The higher concentration of reducing sugars (Fig. 3) was observed for some genotypes (IA 59, IPR 97, Tupi and IA 59 enx) cultivated in Paranavaí, indicating a lesser level of maturity. The similar behavior of these genotypes may be due to reason that they have the same genetic background (Eira et al., 2007) and interacted with in the same way in this environment. Although coffee genotypes were "pick-harvested", a method where coffee cherries are handpicked according to color to harvest mature cherries selectively, occasionally coffee beans with red bark may be partially mature and have high amounts of reducing sugars (Montavon & Bortlik, 2004) . The genotypes have large genetic background (Eira et al., 2007; Ito, Sera, Sera, Del Grossi, & Kanayama, 2008) and demonstrated different adaptations to areas with different climatic conditions. According to the Tukey test (Table 2) , a statistically significant difference for reducing sugars is observed between coffees cultivated in Paranavaí and Cornélio Procópio. This regional influence in reducing sugar content becomes more evident when comparing the genotypes IA 59, IPR 106, and IPR 99 that were cultivated in both regions. The samples of Paranavaí always showed higher levels of reducing sugars, suggesting a lower degree of adaptation of these genotypes to this locality, probably because of the high temperature in this location. The optimal temperature of the coffee is between 18 and 21°C (Camargo, de Santinato, & Cortez, 1992) and coffee beans that were developed outside of these limits will have incomplete maturation. Exceptionally, the genotype IPR 105 showed low rates for the two regions. The genotype samples IPR 97 and IPR 101 presented respectively the highest and lowest contents of reducing sugars. The above results are in agreement with the data in Table 3 .
The higher concentration of caffeine was observed for some coffees cultivated in Cornélio Procópio (IA 59, IPR 105, IPR 106 and IPR 101) and this result is in agreement with Table 2 . The genotypes Catuaí and IA 59 cultivated in Paranavaí showed the least caffeine. The genotypes IA 59, IPR 106, IPR 99, and IPR 105 that were cultivated in both cities showed a difference in the caffeine contents: the Paranavaí samples presented less caffeine content than the Cornélio Procópio samples. Recently studies have shown that environmental conditions do not influence the concentration of caffeine (Jöet, Laffarge, et al., 2010) . Basically the differences in caffeine content between genotypes can be attributed to genetic factors of each genotype.
In Fig. 5 , it is noted that the map region of higher protein concentration has only coffees cultivated in Paranavaí (IA 59 enx, IPR 97 and IPR102), showing the influence of environmental conditions on the formation of these compounds. The observations of topological and weight maps are according to the data of Table 3 . The region of lower concentration of proteins was formed in space where one can find coffees collected in Paranavaí. The genotypes present in this region are Mundo Novo, Catuaí, IA 59 and Tupi. Other genotypes (IA 59, IPR 106, IPR 99, and IPR 105) that were cultivated in different cities showed little difference in protein concentration according to Tables 2 and 3. The higher concentration of chlorogenic acids (Fig. 6) is associated with immature coffee beans and has negative effects on the quality of beverage. High levels of acids were found for coffees cultivated in Paranavaí (Tupi, IA 59 and IA 59 enx). The genotypes Catuaí, Mundo Novo, Bourbon, IPR 100, IPR 102, and IPR 99 have the lower chlorogenic acid concentration. The genotypes IA 59, IPR 106, and IPR 99 that were cultivated in both regions showed significant differences in the chlorogenic acid concentration: the samples cultivated in Paranavaí showed higher contents than the Cornélio Procópio samples. All these observations are according to Tables 2 and 3. In unfavorable environmental conditions (high temperature and low altitude) from Paraná, rapid maturation of coffee beans occurs. In this case many of the metabolic pathways of the chlorogenic acids are incomplete (Jöet, Salmona, Laffargue, Descroix, & Dussert, 2010) and high values of 5-chlorogenic acid (5-CQA), the main chlorogenic acid in coffee beans, remain until the end of the cycle. Research studies have shown that the metabolism of chlorogenic acids is controlled by environmental factors (Jöet, Laffarge, et al., 2010; Jöet, Salmona, Laffargue, Descroix, & Dussert, Fig. 4 . Weight map for caffeine and topological map of the region and genotypes of arabica coffee. In the color scale, units are g·100 g −1 . 2010). The lowest temperatures in Cornélio Procópio take place, basically, all stages of the maturation process, permitting necessary reactions for accumulation of chlorogenic acids. Thus, a significant decrease in the concentration of 5-CQA occurs in the final stages of maturation.
The concentration of all these compounds is associated with the sensory quality of the beverage and its study is important for predicting the quality of the beverage. Therefore employing the compounds of easy determination was possible to show the segmentation of the environments and the performance of cultivars in both locations. Moreover, this technique is feasible for the evaluation of groups of different genotypes in various locations. In this way, it will be possible to evaluate genotypes relationships with the environment and to demonstrate the influence of environmental conditions on the formation of these compounds, and hence on the quality of the beverage.
Conclusion
The SOM was able to recognize the coffee genotypes and their geographical origin using the chemical profile data of the samples, especially the levels of caffeine, chlorogenic acids, proteins, and sugars. Moreover, the possibility of generating weight maps for each variable allowed us to understand in detail how each factor studied interferes with the segmentation observed. Therefore, the SOM proved to be an efficient tool for samples of coffee segmentation, and can also be applied in other tasks such as comparing products and identification of adulterations.
